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Introduction
Apart from income, employment has many non-financial benefits, such as structured time, social status and identity, social contact, collective purpose, as well as activity (Jahoda 1979) . Unemployment results in the loss of the pecuniary and non-pecuniary work benefits, and these losses also impact other household members. Spouses of newly unemployed individuals have to cope with reduced household income, a presumably more depressed partner, the partner's unfamiliar presence at home as well as a reduced social status. For spouses, too, these negative consequences of unemployment might result in depressive symptoms and other mental health issues.
Yet, while there is a whole branch of literature on the health implications of job loss and unemployment for those individuals directly affected (see e.g. Browning et al. 2006; Brand et al. 2008; Eliason & Storrie 2009; Kuhn et al. 2009; Salm 2009; Sullivan & von Wachter 2009; Deb et al. 2011; Schmitz 2011; Browning & Heinesen 2012; Marcus 2012) , few studies address the impact on their spouses. Not considering the potential negative externalities on spouses might result in underestimating the public health costs of job loss (e.g. Kuhn et al. 2009 ). This study contributes to our understanding of spillover effects of unemployment on other household members by estimating the effect of unemployment on the spouse's mental health. In order to give the estimates a causal interpretation, this study applies a combination of matching and difference-in-difference that is robust against selection on observables and selection on unobservables with time-invariant effects. The matching part of the estimator constitutes one of the first applications of entropy balancing (Hainmueller 2012) , which balances the conditioning variables more effectively than common propensity score methods. Furthermore, this study considers only unemployment resulting from plant closures. Other causes of unemployment might result from mental health issues and, hence, might be endogenous.
Using German Socio-Economic Panel Study (SOEP) data from 2002 through 2010, this paper finds that the unemployment of one spouse 2 similarly affects the mental health of both spouses. About one year after plant closure, unemployment decreased mental health by 27 % of a standard deviation for unemployed individuals themselves and by 18 % of a standard deviation for their spouses. In general, the decreases in mental health are larger when the male spouse enters unemployment. The results are robust over various matching specifications. Furthermore, this paper shows that changes in mental health do not differ between treated and matched controls before the plant closure, adding additional credibility to the identification assumption. Analyzing other reasons for unemployment and not just that connected to plant closures confirms the finding that unemployment decreases the mental health for spouses almost as much as for directly affected individuals. However, the effects for other reasons of unemployment are not larger than for unemployment due to plant closure, suggesting that selection issues with respect to entering unemployment might be less important than previously thought. The structure of this paper is as follows. The next section discusses related literature in greater detail, section 3 illustrates the estimation strategy, section 4 introduces the data, describes the construction of treatment and control group, and provides descriptive statistics. The main results are presented in section 5, while section 6 performs further analyses. Section 7 concludes.
Related Literature
The literature on the consequences of unemployment is closely related to the literature on the consequences of job loss -especially when the focus is on the identification of causal effects. In the following, I discuss these two branches of literature together, bearing in mind that not all individuals who lose their jobs are unemployed afterwards and not every individual in the state of unemployment experienced the event of an involuntary job loss.
Previous studies provide some evidence for spillover effects of job loss and unemployment on other household members. For instance, Winkelmann & Winkelmann (1995) report decreases in subjective well-being following the partners' unemployment (without differencing between the reasons for unemployment). Stephens (2002) , using U.S. Panel Study of Income Dynamics (PSID) data, provides evidence for the "added worker effect", that women increase their labor supply due to their husbands' job losses resulting from lay-offs or plant closures. Again with PSID data, Charles & Stephens (2004) show that job loss resulting from lay-off or plant closure increases the probability of divorce. Other studies indicate that children are also affected by their parents' loss of employment. For instance, using SOEP data, Siedler (2011) finds that experiencing parental unemployment (for any reason) increases the probability of children to support extreme right-wing parties. With data from the PSID, Lindo (2011) provides evidence for a reduction in children's birth weight following a father's experience of plant closing. This already indicates that the public health costs of job loss are underestimated if spillover effects on other household members are not taken into account.
3 Taken together, the findings on spillover effects on other household members lead to the expectation of negative consequences of unemployment for the spouse's mental health. Few studies explicitly analyze the causal relationship between unemployment and the partner's mental health. Most of these studies focus on single plants or small geographic areas (e.g. Liem & Liem 1988; Penkower et al. 1988; Dew et al. 1992) .
4 To my knowledge only two studies use nationally representative data in this context (Clark 2003; Siegel et al. 2003) . However, both studies do not take into account the endogeneity of the treatment. Drawing on data from the British Household Panel Study, Clark (2003) finds partner's unemployment to reduce mental health, but less so if the respondent is already unemployed. Yet, this study does not differentiate between the reasons for unemployment. With data from the U.S. Health and Retirement Study (HRS) Siegel et al. (2003) do not find a significant effect of husbands' job loss on wives' mental health in general. However, this study also considers individuals who lost their job due to layoffs, which might result from mental health issues. Furthermore, due to the sampling design of the HRS, this study only analyzes individuals over the age of 50. In contrast, the present study looks at the entire range of working-age individuals and includes in the treatment group only individuals who lost their job due to plant closure. Previous studies document spillovers of other events in one spouse's life on the other spouse's mental health. For instance, Bolger et al. (1989) find that stress experienced by one spouse is associated with strain in the other spouse.
5 With a sample of the elderly Dutch population, Lindeboom et al. (2002) provide evidence that a severe illness of the partner significantly decreases own mental health. They also find that the death of the spouse strongly increases the risk of developing a depression. Compared to the other life events they analyze (e.g. disability, sever financial problems, death of child, death of grandchild), conjugal bereavement has the largest effect on mental health.
3 A further reason why the public health costs of unemployment might be underestimated is that often the focus is on short-term effects, and long-term consequences like potential scarring effects of unemployment (Clark et al. 2001) are not taken into account.
Estimation Strategy
In order to estimate the effect of unemployment on the mental health of couples, this paper combines matching and difference-in-difference (DiD), which is regarded to be superior to pure cross-sectional matching estimators (Heckman et al. 1997 ). This estimator brings together the literature on selection on observables with the literature on selection on unobservables. The idea of the estimator is rather simple. In the matching part of the estimator, I take couples who are affected by unemployment and similar couples who do not experience unemployment. In the DiD part, I compare changes in mental health of these two groups. The DiD part eliminates time-invariant mental health differences between couples in the treatment and control group that result from unobserved variables (like personality traits and differences in the reporting behavior). In all analyses I focus on the average treatment effect on the treated (ATT), i.e. the unemployment induced change in mental health of those couples who are actually affected by unemployment as a result of plant closures. The challenge is how to make treated couples (couples, where one spouse is affected by unemployment resulting from plant closure) and control couples (couples without job loss experiences in the period) similar. To increase similarity between the two groups, propensity score methods are often applied (Caliendo & Kopeinig 2008) , 6 where the control group observations are reweighted either by weights that depend directly on propensity score values (as in propensity score weighting) or by weights that depend on propensity score distances to treatment observations (as, for example, in nearest neighbor or kernel matching). However, I do not take the detour via the propensity score, but instead implement a reweighting technique, entropy balancing (Hainmueller 2011 (Hainmueller , 2012 , that focuses directly on the balancing of conditioning variables (see appendix A.1). Entropy balancing is more effective in reducing covariate imbalance than propensity score methods as it reweights the control group observations in such a way that the control group satisfies pre-specified balancing requirements (here: same mean and variance of conditioning variables as in the treatment group). In the section on sensitivity analyses I also apply propensity score methods. I perform entropy balancing separately for couples where the husband/wife enters unemployment.
7 This is like exact matching on the gender of the directly affected spouse. Section 5 shows the results for all couples pooled and separately according to whether husband or wife enters unemployment. Obtaining the weights from entropy balancing constitutes the first step in implementing the estimation strategy. This is the matching/reweighting step. The second step is the regression step, where the change in mental health is regressed on the treatment indicator with the sampling weights obtained in the first step. In the regression step, I additionally control for all conditioning variables used in the matching step. This does not alter the treatment effect as after weighting the treatment is mean-independent of all conditioning variables. However, the regression-adjustment decreases the standard errors of the treatment effect estimates because it reduces unexplained variance in the outcome. This is similar to including control variables in randomized experiments.
Hence, the ATT of interest can be obtained from
where ∆y is the vector of mental health changes and W a diagonal matrix with 1 in the diagonal cells for couples of the treatment group and entropy balancing weights in the diagonal cells for control group couples. X is a n-by-(k+2) matrix, in which the first column consists of a vector of 1s and the second column of the values of the treatment group indicator, D, for each couple. Additionally, X contains one column for each of the k conditioning variables. The estimator is similar to the regression-adjusted semiparametric difference-in-difference matching strategy proposed by Heckman et al. (1997) . It differs only with respect to the construction of the weights, which are computed by propensity score methods in Heckman et al. (1997) . In order to give the estimates a causal interpretation, the estimator has to assume that no unobserved variables exist that simultaneously influence changes in mental health and the probability of entering unemployment due to plant closure, i.e. in the absence of treatment (unemployment due to plant closure) the mental health of treated couples and matched control couples follows the same trend:
where
0 refers to the change in mental health from before (b) to after (a) the treatment in the absence of treatment and EB(X) refers to the weights from entropy balancing.
Data
This paper makes use of data from the German Socio-Economic Panel (SOEP, v27) from 2002 through 2010. The SOEP is among the largest and longest running household panel surveys in the world. Annually about 20,000 individuals participate in the SOEP. It consists of several subsamples and is designed to be representative of the entire population in Germany ). The SOEP hosts several features that make it particularly attractive for the present analysis. Firstly, the longitudinal nature of the data ensures that I can observe the mental health scores before and after the treatment. Secondly, its large sample size facilitates analysis based on relatively rare events like plant closures. Thirdly, the SOEP contains not only information on one household member but also data on cohabiting spouses. These data are directly provided by the spouses themselves. Fourthly, after household dissolutions the SOEP follows all household members and not just the household head. This is of particular importance for the present analysis as unemployment increases the probability of divorce (Charles & Stephens 2004 ) and, hence, household dissolution. Only considering couples that still live together after the treatment would result in a rather selective panel (though divorce related panel attrition might still occur in the SOEP; see below). Fifthly, the SOEP provides a wide range of information at the individual and the household level, including details about earnings, employment and living conditions. This enables me to include almost all conditioning variables used in related studies.
Outcome
This study uses the Mental Component Summary Scale (MCS), which was developed as a brief instrument to measure mental health in large scale surveys (Ware et al. 1996) . It is found to be reliable and valid (e.g. Salyers et al. 2000) , with high values of sensitivity and specifity compared to other brief scales of mental health (Gill et al. 2007) . MCS is not a disease-specific measure focusing on a particular condition or disease, but a generic measure of mental health. MCS is used widely in the epidemiologic literature and a broad literature in economics uses this summary measure of mental health as well (e.g. Lechner 2009; Reichert & Tauchmann 2011; Schmitz 2011) . It was included in the SOEP as the measure of mental health. It is not a measure of general life satisfaction although it correlates with life satisfaction.
The construction of MCS reverts to the SOEP version of the SF-12 questionnaire, which was first adopted in the SOEP in 2002 and ever since is included every two years. The SF-12 contains 12 health-related questions that encompass two dimensions: physical and mental health. All items reflect the current health status of the respondents, as they refer to the four weeks immediately prior to the interview (e.g. "How often did you feel run-down and melancholy in the last four weeks?"). Appendix A.2 provides an overview over the items of the SF-12 questionnaire and the answer categories. MCS is a weighted combination of the 12 items and provided by the SOEP Group. It is computed by means of explorative factor analysis and transformed to have mean 50 and standard deviation 10 in the 2004 SOEP sample (Andersen et al. 2007) . Higher values indicate a better mental health status.
Treatment and Control Group
Treatment and control group consist of couples who live together in the same household before the treatment -irrespective of their marital status. Figure 1 provides an overview of the construction of treatment and control group, which the following paragraph describes in more detail.
I only include couples where both spouses participate in the survey before (t b ) and after (t a ) the treatment, and provide valid mental health information in both years. I do not consider same-sex couples as there are none in the treatment group. The treatment group comprises couples in which one spouse (the "directly affected spouse") enters unemployment due to plant closure between two survey waves with the SF-12 questionnaire. I construct the treatment indicator by combining information from the question on whether the respondent is officially registered as unemployed with information on the reason why the individual left the last job. I only consider plant closures since other reasons of unemployment might be endogenous, e.g. someone might be dismissed because of shrinking work productivity due to marital problems (and marital problems might decrease mental health). Before the plant closure the directly affected individual has to be employed either full-time or part-time in the private sector and has to be between the ages of 18 and 62. I include couples in the treatment group irrespective of age and employment status of the indirectly affected spouse (the partner of the directly affected individual). However, I do not consider couples in which the indirectly affected spouse experienced an involuntary job loss between t b and t a due to plant closure. That is done in order to prevent that own experiences deteriorate the mental health effect of the indirectly affected spouse. The plant closure experience of one spouse is likely to be correlated with a plant closure experience of the other spouse since spouses might work in the same plant. Excluding couples in which indirectly affected spouses experience plant closures themselves reduces the treatment group by 7 %.
Figure 1: Construction of treatment and control group Note: The figure presents an overview of the construction of treatment and control group. The boxes show the requirements that couples have to meet to qualify for treatment and control group, respectively. "Spouse 1" refers to the directly affected individual and "spouse 2" to the partner of "spouse 1".
The control group consists of a potentially directly affected individual (who is of the same sex as the directly affected individual in the treatment group) and a potentially indirectly affected individual. For the potentially indirectly affected spouse the same restrictions apply as in the treatment group construction, both before and after the treatment. Similarly to the treatment group, at the pre-treatment interview the potentially directly affected individual has to be employed either full-time or part-time in the private sector and has to be between the ages of 18 and 62. However, couples qualify only for the control group, if the potentially directly affected spouse did not leave the previous employer during the treatment period (this excludes couples with any job loss experiences; see figure 1 ). This leaves more than 14,000 couples for the control group, compared to 109 couples in the treatment group: 70 couples in which the husband enters unemployment and 39 couples in which the wife enters unemployment.
The plant closure can take place at any time between two survey waves that include the mental health questions. Hence, there are four treatment periods: 2002-2004, 2004-2006, 2006-2008 and 2008-2010 . I estimate treatment effects pooled over all four treatment periods. On average, I observe the treatment group 11 months after the plant closure. This time, however, varies between 0 and 23 months, with a rather uniform distribution. Hence, the estimates are to be interpreted as averages over these different unemployment durations; an interpretation inherent also to most applications of fixed effects panel estimators.
Conditioning Variables
The set of conditioning variables, i.e. X in equation (1), is selected following the screening of conditioning variables in other studies that analyze health effects of job loss and unemployment on the directly affected individual (Browning et al. 2006; Böckerman & Ilmakunnas 2009; Eliason & Storrie 2009; Salm 2009; Sullivan & von Wachter 2009; Schmitz 2011) . The richness of the SOEP data allows including almost all conditioning variables used in these studies. Also the job security perceived by the individuals is included, which can be seen as a variable that captures unobserved factors related to the plant closure. The conditioning variables include demographic, labor market related, educational and health data of the directly affected spouse. I include the same set of conditioning variables for the indirectly affected spouse as for the directly affected spouse -except for those variables that make only sense for working individuals (e.g. tenure with current firm, size of the company). The pre-treatment working status is only included for indirectly affected spouses. Therefore, conditioning variables can be divided into variables reported by the directly affected individual, variables reported by the indirectly affected individual and variables on the couple (i.e. household) level. All 72 non-collinear conditioning variables originate from the pre-treatment interview. As the conditioning variables also include the pre-treatment values of the mental health score, the applied regression-adjusted matching DiD estimator resembles a regressionadjusted matching estimator, where the outcome is the post-treatment mental health score (Lechner 2010) . I use the terminology matching DiD, in order to emphasize that the estimator provides also some robustness against selection on unobservables. Table 1 provides an overview of the conditioning variables. (2002, 2004, 2006, 2008) Note: The table describes the coding of the conditioning variables and indicates whether the variable is included for the directly affected spouse (D), the indirectly affected spouse (I) or both. All conditioning variables originate from the pre-treatment interview. Note: The first three columns present means of selected variables before treatment for treated, controls and matched controls, respectively. + indicates that the mean represents a percentage share. The last column displays the difference in means between treatment and control group before matching; stars indicate significant t-test differences between these two groups: * p < 0.1; ** p < 0.05; *** p < 0.01.
Descriptive Statistics
The first two columns of table 2 display means of the conditioning variables for the treated and the control group couples, respectively. The last column displays differences in means between treatment and control group before matching and tests for the significance of these differences. Directly affected spouses differ in many respects significantly from their control group counterparts. For instance, they are older (48.1 vs. 44.0 years), are less likely to be female, more often do not have the German citizenship and earn annually on average 10,000 Euro less. Individuals in the control group are almost three times more likely to have a university degree than individuals who experience unemployment due to plant closure (23.3 % vs. 8.3 %). However, before the treatment there are no significant differences with respect to tenure and mental health. The mental health score is only about 0.8 points (about 8 % of a standard deviation) lower for the directly affected spouses in the treatment group and the difference is not statistically significant from zero.
Similarly, the indirectly affected spouses do not differ significantly from their control group counterparts with respect to mental health (49.3 vs 50.4), but with respect to age, German citizenship, education and earnings (see appendix A.3). Of these indirectly affected spouses, 31.2 % of them do not work, compared to 22.7 % in the control group.
The third column of table 2 reports means for the matched controls. After the reweighting based on entropy balancing the means in the control group equal the means in the treatment group. The applied entropy balancing scheme not only balances the means but also the variances of the conditioning variables.
The table in appendix A.3 not only reports the means for other conditioning variables, but it also compares the matched control groups resulting a) from entropy balancing and b) the propensity score based kernel matching (Heckman et al. 1997) . Kernel matching results rely on an Epanechnikov kernel and a bandwidth of 0.06, which improves the covariate balance particularly well compared to other propensity score based specifications.
10 The table shows that also kernel matching works quite well. For all but one variable (technical college for the directly affected spouse) the standardized bias is below the value of 5, which is regarded to be low (Caliendo & Kopeinig 2008) . 11 However, the table in appendix A.3 also depicts that entropy balancing clearly outperforms kernel matching as it better improves covariate balance between treatment and control group. Kernel matching even increases the standardized bias for some variables (e.g. for living in a small city). Table 3 shows the results for the effect of unemployment on the mental health of couples. The table shows the findings pooled for all couples and separately according to the sex of the directly affected spouse. It starts with a simple specification and then gradually incorporates more sophisticated procedures. The first specification provides a simple comparison of the average mental health of treated and (all) controls after treatment.
Results
Since there might be fundamental differences between the treatment and control group (e.g. with respect to reporting behavior or the general mental health level), specification (2) uses the change in mental health as outcome. Hence, this specification resembles an ordinary difference-in-difference estimator without control variables. It might be that the mental health of treated couples follows a different trend than the mental health of other couples, i.e. even in the absence of treatment the mental health of the treated couples would change in a different way. The previous section shows that treated and control couples differ indeed in many respects. This makes it more likely that the treated are on a different mental health track. Matching ensures that only comparable couples are compared. Specification (3) displays the results for the matching DiD estimator. Specification (4) is the preferred specification as, in addition to specification (3), it includes the covariates in the outcome equation as well. This leaves the estimates of the ATT unchanged, because by construction of the entropy balancing scheme, the treatment indicator is mean-independent of all conditioning variables. However, including the covariates in the outcome regression reduces the variance in the outcome and, hence, makes the estimates more precise. Specification (1), the simple mean comparison, shows in the first cell that the mental health score of spouses who entered unemployment due to plant closure is on average about 2.68 units lower than the mental health score of control group individuals. This implies a difference of about 26.8 % of a standard deviation since the mental health score is normed to have a standard deviation of 10. For the spouses of the directly affected individuals, mental health is on average 2.59 points lower. The second and third panel show that the mental health is worse for both spouses irrespective of the sex of the directly affected spouse. However, the difference between treated and controls is more pronounced for couples where the husband became unemployed, and not significant for couples where the wife entered unemployment. In general, the differences are of similar magnitude for own mental health and the spouse's mental health, and not statistically significant from each other (as indicated by the p-values). This finding suggests that unemployment of one spouse similarly affects the mental health of both spouses.
The results for specification (2) are similar to the previous results, although the coefficient estimates decrease somewhat in magnitude (especially in the last panel). In the matching DiD estimator in specification (3) both standard errors and coefficient estimates slightly increase, t-statistics (not shown) marginally increase for most estimates. However, incorporating matching does not change the overall picture much. Note: The table presents the effect of one spouse's entry into unemployment on the mental health of both spouses. Each cell displays the ATT from a separate regression and its robust standard error in parentheses. Additionally, the table provides p-values for the t-tests whether unemployment differently influences directly and indirectly affected spouses. The upper panel considers all couples, while the two lower panels display results separately according to the sex of the directly affected spouse. The results rely on 109 couples in the treatment group (including 70 couples where the husband enters unemployment) and more than 14,000 couples in the control group. * p < 0.1; ** p < 0.05; *** p < 0.01. The first column refers to the mean difference in mental health after the treatment and "DiD" to the simple difference-in-difference estimator without matching and "Match" to the DiD results after entropy balancing. The last column presents results for the matching DiD estimator that includes the covariates in the outcome equation.
The last column displays the results for the preferred specification, which includes regression-adjustment. In specification (4) unemployment decreases mental health for the directly affected individuals by 2.68 points on average, or about 26.8 % of a standard deviation. This decrease is stronger when the husband enters unemployment (3.13 vs. 1.86 points). The impact of the spouse's unemployment is only slightly smaller for the indirectly affected spouse (1.81 points on average) and the difference in the effects is far from being statistically significant. Again, the effect is stronger if the husband enters unemployment (2.01 vs. 1.46 points). However, the effects of the wife's unemployment become significant in this last specification. These effects exhibit negative signs in all specifications but were not estimated precisely enough before. The results also suggest that the mental health decrease for wives whose husbands enter unemployment and for wives who enter unemployment themselves is very similar, and the difference is far from being significant. It has to be considered that the two effects are based on two rather different groups of women (working wives vs. wives of working men). Hence, one can not interfere that women are more/less affected by the spouse's unemployment than by their own unemployment. Similarly, one cannot say for sure that men are more affected by their own unemployment than by their spouse's unemployment. In general, the coefficient estimates of the preferred specification closely resemble the results of specification (1), the simple mean comparison. This implies that selection into treatment is not strong with respect to mental health, which might provide additional credibility for studies that evaluate the impact of plant closures but do not observe the pre-treatment outcome.
It would be interesting to investigate whether the effect of unemployment differs between subgroups. However, due to the rather small number of couples in the treatment group -especially when only considering couples in which the wife enters unemployment -I refrain from more detailed inspections of potential mechanisms and treatment effect heterogeneity.
12
When including the post-treatment household net income as additional control variable in the regression step, in order to analyze potential channels, the estimated effects of unemployment on mental health only slightly decrease.
13 This suggests that the drop in current household income is not the main channel for the estimated effects. However, the effects might work through the uncertainty about future income levels. Hence, it is not possible to conclude that income is irrelevant as potential channel.
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Further Results
This section consists of two parts. The first part performs sensitivity analyses. It applies different matching procedures (propensity score weighting, kernel matching), analyzes the sensitivity of the results to a redefinition of the treatment and runs a placebo regression to check the plausibility of the identifying assumption. The second part investigates the potential endogeneity of other reasons for unemployment. Table  4 presents the results for the various sensitivity analyses, table 5 for other reasons for unemployment.
Sensitivity Analyses
For the first two sensitivity checks I rely on propensity score methods instead of entropy balancing. Propensity score weighting (PSW) and kernel matching differ from entropy balancing with respect to the weighting matrix W in equation (1). Propensity score weighting assigns to each control observation a weight that equals 1/(1 − P (X)), where P (X) is the propensity score. Kernel matching matches to each treatment observation control observations that are close in terms of the estimated propensity score. However, it does not assign equal weights to all the matched neighbors but instead assigns weights according to distances in the propensity score. 15 Specifications (5) and (6) present the results for propensity score weighting and kernel matching, respectively. The effects are similar to the results in the main specification. However, the effects for wife's unemployment slightly decrease, while the effects for husband's unemployment on husband's (5) and (6) display the results for propensity score weighting and propensity score (kernel) matching, respectively. In specification (7) the treatment group comprises all couples that experienced a plant closure and specification (8) performs a placebo regression that pretends that the treatment takes place two years earlier. * p < 0.1; ** p < 0.05; *** p < 0.01. and wife's mental health get more similar for propensity score weighting and more different for kernel matching. Also these specifications do not reject the null-hypothesis that unemployment influences directly and indirectly affected spouses in the same way, as indicated by the p-values. As outlined in section 2, research on the consequences of unemployment is closely intertwined with research on the consequences of job loss. In order to make the results comparable to other studies that solely analyze job losses (e.g. Browning et al. 2006; Brand et al. 2008; Kuhn et al. 2009; Salm 2009 ), the treatment group in specification (7) comprises all couples that experienced a plant closure (irrespective of unemployment experiences). 16 The results in table 4 indicate that plant closures per se do not have such negative impact on mental health. Rather, it is the unemployment experience that decreases mental health. Hence, failing to differentiate between job loss and unemployment might be a potential reason why existent studies do not find an effect of job loss on own mental health (e.g. Browning et al. 2006; Brand et al. 2008; Salm 2009 ). Own plant closure experiences significantly decrease own mental health for wifes, but no longer for husbands. The decrease in the spouses' mental health remains significant. Also the effects on the spouses' mental health are smaller than in the main specification indicating that those with unemployment following a plant closure have larger drops in mental health. 17 In specification (7), the mental health consequences are slightly larger for couples in which the wife experienced a plant closure. To identify causal effects, all matching procedures assume that the conditioning variables include all variables simultaneously influencing changes in mental health and the probability of becoming unemployed due to plant closure. This assumption cannot be directly tested. In order to add additional credibility to this assumption, I perform a placebo regression. For this purpose, I pretend that the treatment takes place two years earlier. Accordingly, for the first step I compute the weights based on conditioning variables obtained in the last year with health data before the placebo job loss. Specification (8) shows that the placebo treatment does not influence changes in mental health. All estimated effects are insignificant and close to zero. This specification adds plausibility to the assumption that the mental health of treated and matched controls follows a similar trend before the treatment.
Despite the robustness of the results to different matching procedures, the ATT estimates might be downward-biased for several reasons. First, there might be selective panel attrition. Couples experiencing a greater negative impact from unemployment (e.g. with respect to finances or identity) might be more likely to drop out of the sample.
18 These couples might also be more likely to experience greater decreases in mental health. Related to this argument for selective panel attrition is the finding that job loss increases the risk to commit suicide (Eliason & Storrie 2009) , which is an extreme form of mental health problems. Similarly, also divorce increases the chances of panel attrition,
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and job loss increases the probability of divorce (Charles & Stephens 2004) . Second, the expectation of the plant closure might already decrease mental health. Hence, for treated couples the pre-treatment mental health score would be lower than their "normal" mental health score. Using German SOEP data, Reichert & Tauchmann (2011) provide evidence that already the fear of becoming unemployed decreases mental health. Yet, specification (8) indicates that treated and matched controls do not differ with respect to their mental health trend before the treatment. One reason for this might be that the conditioning variables include also the perceived job security and that I, hence, compare only couples having similar risks of job loss. Additionally, the effects might be biased since the analyses do not include couples where both spouses experience a plant closing. The direction of this bias is not clear. If both partners experience a plant closure, the drop in household income is even larger. This suggests larger decreases in mental health. However, findings in Clark (2003) suggest that unemployment hurts less when the partner is unemployed as well. When including the seven couples in the treatment group where both partners experienced a plant closure, the results do not change meaningfully.
As the present analysis focuses on the short-term impact of unemployment on mental health, it does not consider the full mental health consequences of unemployment. Longterm consequences like potential scarring effects (past unemployment has a negative impact even when the individuals have become reemployed; Clark et al. 2001 ) and the effects of future job insecurity (Stevens 1997; Knabe & Rätzel 2011) are not taken into account.
Other Reasons for Unemployment
In order to assess the endogeneity of other reasons for unemployment, 
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Many studies that analyze health consequences of job loss and unemployment do not differentiate between the reasons for unemployment/job loss (e.g. Browning et al. 2006; Eliason & Storrie 2009; Kuhn et al. 2009; Sullivan & von Wachter 2009; Deb et al. 2011; Browning & Heinesen 2012) . Those studies that differentiate, provide mixed evidence on the differential effects. Salm (2009) does not find any decreases in health for neither job loss due to lay-off nor for job loss due to plant closure in the U.S.; he observes a decrease only for those who left the job for health reasons. Schmitz (2011) does not find any effects of unemployment due to plant closure on health for Germany. However, he provides evidence that unemployment due to other reasons decreases health satisfaction, increases the number of hospital visits and reduces mental health. Marcus (2012) shows that job loss increases smoking initiation, irrespective of whether job loss due to plant closure or due to dismissal is considered. A study on subjective well-being (Kassenboehmer & Haisken-DeNew 2009) demonstrates that, in Germany, the subjective well-being decrease is even larger from unemployment due to plant closures than from unemployment due to dismissal.
Comparing the effects of all unemployment (first column in table 5) with the effect of unemployment due to plant closure (second column) shows that unemployment due to plant closure seems to hurt more than unemployment in general. Potentially the all unemployment category includes also cases of "voluntary" unemployment, which might be less detrimental for both spouses' mental health. Therefore, the next column looks at unemployment due to dismissal, which is often regarded as involuntary unemployment (e.g. Kassenboehmer & Haisken-DeNew 2009; Marcus 2012) . Two arguments support the idea that unemployment due to dismissals is more detrimental for mental health 20 All specifications in table 5 base upon the procedure of the main specification (specification 4 in table 3), with the only difference that the treatment group varies between the columns.
21 Further reasons include own resignation, mutual agreement, end of temporary contract and leave of absence/sabbatical.
22 I would like to thank the anonymous referee for drawing my interest in investigating the effect of other reasons for unemployment. than due to plant closures. First, many researchers argue that poor health might cause unemployment (e.g. Kuhn et al. 2009; Schmitz 2011) . In line with this argument, some dismissals might result from deteriorating health. 23 Second, dismissals rather than plant closures might be attributable to own behavior. Therefore, dismissals might hurt more. Contrary, there are also arguments that unemployment due to plant closures is more detrimental for mental health than due to dismissals. Plant closures might make it more difficult to find a new job as others in the region (with similar qualifications) also lost their jobs due to the plant closure. Additionally, individuals staying with the firm until it finally closes, might be a group with the worst labor market prospects outside that firm, low flexibility and/or a high identification with the firm. Furthermore, some dismissals might actually be voluntary quittings in order to get compensation (Kassenboehmer & Haisken-DeNew 2009: 453-454) . Table 5 shows that for wife's entry into unemployment the decreases in mental health are similar for plant closure and dismissal. However, for husband's entry into unemployment, plant closures are more detrimental than dismissals for the mental health of both spouses. The effect on the indirectly affected spouse is even insignificant in this specification. This comparison suggests that the mental health consequences of unemployment are not overestimated when considering dismissals as well. Either endogeneity issues with respect to the effect of dismissals on mental health are rather weak in Germany or the effects of different endogeneity mechanisms cancel out. When looking at the effect of unemployment that results from other reasons than dismissal and plant closure in the last column, the effects of wife's unemployment on mental health do not only turn insignificant but become virtually zero. For husband's own unemployment the decrease in mental health is smaller than before but still significant, while the effect on his partner is only slightly smaller but turns insignificant. However, this category might also include some cases of chosen unemployment. Table 5 highlights that for each specification, the coefficients for the indirectly affected spouse is similar to that for the directly affected spouse. The two coefficients are not significantly different in any of the specifications. This confirms the conclusion that unemployment decreases the mental health of spouses almost as much as for the directly affected individuals.
Conclusion
This paper analyzes spillover effects of unemployment on other household members by estimating the causal effect of unemployment on spouse's mental health. Using data from the German Socio-Economic Panel Study (SOEP) from 2002 through 2010, this paper finds that unemployment of one spouse similarly affects the mental health of both spouses. About one year after the plant closure, unemployment decreases mental health by 27 % of a standard deviation for the unemployed individuals themselves and by 18 % of a standard deviation for their spouses. In general, the decreases in mental health are larger when the husband enters unemployment. The findings are robust over various specifications.
In order to give the estimates a causal interpretation, this study focuses on an exogenous entry into unemployment (i.e. plant closure), and applies a combination of matching and difference-in-difference estimation that is robust against selection on observables and selection on unobservables with time-invariant effects. The matching part of the estimator constitutes one of the first applications of entropy balancing (Hainmueller 2012), which balances the conditioning variables more effectively than common propensity score methods. The estimation strategy assumes that no unobserved variables exist that simultaneously influence changes in mental health and the probability of entering unemployment due to plant closure. This paper provides an indirect test to show that this identifying assumption is not violated, as mental health does not follow a different trend for treated and matched controls before the plant closure.
The findings highlight that unemployment has severe consequences not just for the directly affected individuals, but also for their spouses. Hence, previous studies underestimate the public health costs of job loss as they do not consider the consequences for spouses. When comparing costs and benefits of labor market policies to prevent unemployment, policy-makers should take into account that employment has non-financial benefits not only for the employed individuals themselves but also for their spouses.
A. Appendix
A.1. Entropy balancing
Entropy balancing reweights the control group observations in such a way that the control group satisfies pre-specified balancing requirements (here: same mean and variance of conditioning variables as in the treatment group). Among the possible sets of weights that fulfill these balancing requirements, entropy balancing choses the set of weights that deviates as little as possible from uniform weights (Hainmueller 2012) .
24 Entropy balancing spares the need to check for covariate balance since balance according to the pre-specified balancing requirements is fulfilled by construction. This makes the burdensome procedure of propensity score methods unnecessary, where "researchers 'manually' iterate between propensity score modeling, matching, and balance checking until they attain a satisfactory balancing solution" (Hainmueller 2012: 25) . Entropy balancing is more effective as it improves the balance reached by common propensity score methods for all covariates. Furthermore, while propensity score methods often decrease balance on some covariates, entropy balancing improves balance for all conditioning variables. In contrast to propensity score methods, entropy balancing is fully non-parametric.
In the present analysis, I require the control group to have the same mean and the same variance as the treatment group for all conditioning variables after entropy balancing. In applications of propensity score methods usually only the balance of the first moments is checked. Entropy balancing is implemented using the program "ebalance" (Hainmueller 2011) in Stata 11.2.
Besides the unconfoundedness assumption (see eq. 2), a further requirement of matching estimators is the overlap condition (P (D = 1|X) < 1). It ensures that for any given X, there are not just treated observations but also control observations. It is not clear how to impose common support conditions for entropy balancing. Most studies relying on propensity score methods exclude treated observations whose propensity score exceeds the maximum of the propensity score in the control group in order to implement the common support for the ATT (Caliendo & Kopeinig 2008) . However, this common support condition is not binding in the present analysis since members of the control group have the highest propensity score values. Hence, the overlap condition seems to be satisfied in the present case. Furthermore, entropy balancing requires that there are more observations in the control group than moment restrictions. Note: Summary statistics for treated couples, all control couples and matched control couples. The first two columns present the means of selected variables before treatment for treated and controls. Third and fourth column show the means for the reweighted control group according to entropy balancing (EB) and kernel matching, a propensity score method. The last three columns display a measure for the quality of the matching process. The standardized bias is defined for each conditioning variable s as SB s = 100 · , where s 1 and s 0 are the means of treated and controls, respectively, and σ 2 s1 and σ 2 s0 the corresponding variances. + indicates that the mean represents a percentage share.
